Several investigators have noted that internal consistency reliability coefficients, including coefficient alpha, based on a single administration of a test may overestimate reliability because such coefficients assign transient error due to differences in test administration, temporary changes in the examinee, and so on to true-score variance (Guion, 1965; Schmidt and Hunter, 1996) . In addition, if the errors made in responding to test items are positively correlated, coefficient alpha may be inflated (Komaroff, 1997) . Also, reliability may be overestimated if coefficient alpha is erroneously used to estimate the reliability of a speeded test. Although it is true that coefficient alpha may sometimes be inflated because of the conditions mentioned above, a potentially more serious problem is the tendency of coefficient alpha to underestimate the true reliability when the data are multidimensional. If the items of a test conform to classical testtheory assumptions, coefficient alpha is a lower bound to the true reliability of a measure and frequently is an underestimate of reliability if the measure contains a small number of heterogeneous items.
This point was made as far back as 1945 by Guttman, OSBURN who noted, "It seems plausible that in a vast number of cases the hypothesis of equivalence (of the split halves) is dubious, and that therefore the reliability of a great many tests has been seriously underestimated." A good example of this phenomenon are the numerous studies of the internal consistency reliability of the McClelland/Atkinson TAT measure of need for achievement. Coefficient alpha applied to this measure consistently shows low reliabilities. However, as McClelland (1980) has pointed out, this measure shows moderate to high validity when predicting operant measures of performance. TAT investigators have formulated fairly elaborate scenarios to explain this discrepancy. For example, it has been suggested that responses to TAT cards are inconsistent because subjects feel they should not repeat themselves. Some TAT investigators have even argued that the construct validity of operant measures does not require internal consistency as estimated by coefficient alpha. The point is that it is very likely that the discrepancy is due to the heterogeneity of the TAT data that results in a negatively biased reliability estimate. This explanation has been hinted at in the comments mentioned above, but not explicitly recognized.
That coefficient alpha may underestimate reliability was also recognized by Cronbach (1951) , who noted that a test containing distinct clusters of items might have a parallel split coefficient considerably higher than coefficient alpha. A major purpose of this study was to examine the conditions under which coefficient alpha underestimates the true reliability of a measure that is not tau equivalent, that is, is either congeneric equivalent or multidimensional. A related purpose was to examine alternative internal consistency reliability estimates that may improve the estimate of reliability compared with coefficient alpha.
Corrections for Attenuation
If reliability is underestimated, attenuation is overestimated (Guttman, 1945) . Because of their tendency to underestimate the reliability of heterogeneous tests, internal consistency estimators have been especially controversial when used in correction for attenuation formulas (Cureton, 1958; Lord & Novick, 1968; Nunnally, 1978) . The use of such reliability estimates to correct for attenuation will in many cases result in overestimation of the correlation between the true scores on the two measures and in some cases may result in substantial overestimation. In a recent article, Muchinsky (1996) argued that correcting for errors of measurement in the criterion remains controversial in meta-analyses, criterion-related validity studies, and utility analyses. Finally, Schmidt and Hunter (1996) , in a discussion of using various reliability coefficients in corrections for attenuation, largely ignored the tendency of coefficient alpha to underestimate the reliability because of item heterogeneity. A second purpose of this study was to examine the extent to which correlation coefficients, corrected for unreliability, are overestimated when using coefficient alpha to estimate reliability.
Internal Consistency Reliability Estimators
Although coefficient alpha is widely used in practical work, a significant body of literature has developed in which several less familiar internal consistency reliability coefficients have been proposed. All of these coefficients have in common an attempt to reduce the underestimation of reliability when the components of a measure are not equivalent. All except standardized alpha and maximal reliability are discussed by Feldt and Brennan (1989) . However, in the interests of clarity and reader convenience, a brief discussion of each estimator's important properties is presented in this section, along with a computing formula for each coefficient.
It should be noted that this article does not specifically address the generalizability approach to reliability, which goes far beyond classical reliability theory. However, in certain designs, such as a p x i singlefacet study, the generalizability coefficient is the same as coefficient alpha, so the findings of the present study apply.
Coefficient Alpha
In the theory of composite tests, the reliability of a measure, p~X T , is defined as the ratio of the variance of the true scores (T) of the measure to the variance of the observed scores (X). In the framework of classical reliability theory and for clarity, we call p^the true reliability of a composite measure. As mentioned above, coefficient alpha is a lower bound to the true reliability (Outtman, 1945) . However, under very restricted conditions coefficient alpha is equal to the true reliability. In his derivation of the formula for coefficient alpha, Gulliksen (1950) considered two nitem tests that are parallel item-for-item and assumed that the average covariance of an item in one test with the parallel item in the other test is equal to the av- 
for all / and j. Tau-equivalent measures have equal true scores, and as indicated in Equation 2, essentially tauequivalent measures have true scores thai differ only by an additive constant. In this article both essential tau equivalence and tau equivalence lead to the same conclusions. Therefore, essential tau equivalence will be referred to simply as tau equivalence. Both tau equivalence and essential tau equivalence imply that the correlations between true scores are all unity and that the variances and covariances of the true scores on the components of the measure are all equal. Tau equivalence also implies that the observed component intercorrelations corrected for attenuation are unity and that the measure is unidimensional with equal factor loadings but possibly unequal error variances. There are two important advantages of a test whose components are tau equivalent: (a) The test can be interpreted as measuring a single underlying construct and (b) coefficient alpha computed on the components of the test is exactly equal to the true reliability.
Congeneric equivalence is closely related to tau equivalence. If the components of a measure are congeneric equivalent, the correlations between the true scores are unity but variances of the true scores may vary (Joreskog & Sorbom. 1990 ). Congeneric equivalence implies that the measure is unidimensional, but the factor loadings and error variances may vary. Congeneric tests share the two advantages of tauequivalenl tests because such tests measure a single underlying construct, and the data presented in this article show that coefficient alpha for such tests is reasonably close to the true reliability of the composite measure.
Finally, if the components of a measure are parallel, the correlations between true scores are all unity and the variance and covariance of the component true scores of the measure are all equal. In addition, the components are equally reliable. Parallel components are unidimensional with equal factor loadings and equal error variances.
Coefficient alpha computed on heterogeneous components may seriously underestimate the true reliability. This issue is closely related to the multidimensionality of the latent variables underlying the components. If the components are unidimensional, coefficient alpha will be an adequate estimate of the true reliability in all cases. If the components are characterized by two or more moderately correlated factors (i.e., in the range of .2-.4), coefficient alpha may be seriously underestimated.
Coefficient alpha may be computed using variance components but is ordinarily computed by the following equation:
where of is the variance of the ;'th component, of is the variance of the test, and the total score on the test is the sum of the n component scores. It is important to note that coefficient alpha can be computed on the n components of a measure, the n components grouped into split halves, or the n components grouped into three or more parts. In all of these applications coefficient alpha is still a lower bound to the true reliability (Guttman, 1945 ).
An alternate formula for coefficient alpha is
where Ave(a,y) is the average covariance among components and Ave(of) is the average variance of the components in the measure. Several conclusions about coefficient alpha can be drawn from this formula: (a) If Ave(a,y) is large relative to Ave(of), coefficient alpha will be large; (b) if there are many components in the measure, the n(n -1) average Covariances will dominate the « average variances and coefficient alpha will tend to be large; (c) if Ave(o-, 7 ) is small relative to Ave(of) either because the covariances are uniformly low or because the covariances are very variable, coefficient alpha will tend to be low to moderate.
Raju's Coefficient
Raju (1977) derived a formula for estimating reliability when different numbers of items are assigned to parts of a test so that the parts are at most congeneric. Raju's coefficient is defined by
where X, = «,/S«; and «,-is the number of items in the ith part. If the parts contain equal numbers of items, all X, equal Mr (where k is the number of parts) and Raju's coefficient equals coefficient alpha. Feldt (1975) derived this coefficient for the situation in which a measuring instrument could be divided into only two parts of arbitrary length. He assumed that the available parts were homogeneous in content but that because of the unequal length of the parts the scores could only be congeneric equivalent. He also made the additional assumption that the two parts were differentially shortened versions of the total test.
Angoff-Feldt Coefficient
This latter assumption amounts to assuming that the sum of the error variances for the two parts is equal to the error variance of the total test. Feldt's coefficient will exceed coefficient alpha whenever the part-test variances are unequal. The coefficient is not a lower bound to the true reliability and in some circumstances may overestimate the true reliability. Angoff (1953) and Kristof (1971) have also derived versions that ultimately lead to the same formula. Feldt and Brennan (1989) have designated this coefficient as the
The Angoff-Feldt coefficient is a special case for two-part splits of the Feldt coefficient for multipart splits presented below. Feldt and Brennan (1989) included the following coefficient, due to Feldt:
Feldt 's Coefficient
Feldt's coefficient is based on the premise that X, in Kristof (1974) Gilmer and Feldt (1983) have proposed the following coefficient for multipart tests:
Kristof 's Coefficient

Feldt-Gilmer Coefficient
where Row / is the row with the largest sum of inter- 
Lambda2
Lambda2 (Guttman, 1945) is also a lower bound to the true reliability and equals the true reliability if the components are tau equivalent. Lambda2 is interesting because it always gives a lower bound that is as good as coefficient alpha but in some circumstances may be considerably better. Lambda2 is computed by the following equation:
where o-,-, is the covariance between items i and / Ten Berge and Zegers (1978) have developed an infinite series of lower bounds to the true reliability: u 0 , u,, u 2 , u,, and so on; u 0 is coefficient alpha, u, is Cronbach (1951) showed that coefficient alpha is the expectation of coefficient alpha computed on all possible l/2(2«)!/(n!) 2 split halves of a test containing 2n items. If the data are tau equivalent, all coefficient alphas computed on the split halves will be equal to coefficient alpha computed on the In items. However, if the data are not tau equivalent, some split halves will give higher reliability estimates than coefficient alpha computed on the In components of the measure.
Because coefficient alpha is a lower bound to the true reliability, coefficient alpha computed on some split halves may provide lower bounds that are closer to the true reliability. This property was pointed out by Guttman (1945) and used by Callender and Osburn (1977) in an attempt to improve reliability estimates for corrections for attenuation. The term Iambdu4 was introduced by Guttman. Lambda4 is the same as coefficient alpha computed on split halves of the test:
where u\ and <J\ are the variances of each half and u\ is the total variance. 
Stratified Alpha
When the components of a composite can be grouped into subsets on the basis of content or difficulty, stratified alpha may be a better estimate of the true reliability than coefficient alpha computed on the same composites (Cronbach, Schoneman, & McKie, 1965) . Under some conditions stratification on content can substantially increase reliability estimates compared with coefficient alpha. However, stratified alpha can also be substantially lower than coefficient alpha computed on the same composites. Feldt and Brennan (1989) gave the following formula for stratified alpha:
where o^ is coefficient alpha computed on the ith subtest and <T? is the variance of the ;'th subtest. It is clear from inspection of the above formula that if the correlations among components in the same subtests are high and the correlations among components in different subtests are low, stratified alpha will be a better estimate than coefficient alpha.
Standardized Alpha
Use of standardized alpha implies that observed scores on the components are standardized before summing. However, it is important to note that the true reliability of a measure is the same for both standardized and unstandardized observed scores. Standardized alpha is not a lower bound to the true reliability and may yield estimates that are either lower or higher than the true reliability. When the components of a composite measure are congeneric, standardized alpha will always exceed the true reliability. Also, if the components are tau equivalent and reliabilities of the components differ, standardized alpha will always exceed the true reliability. Standardized alpha is computed using the correlations rather than the covarianccs:
where py is the correlation between the (th and >th items. It is easily shown that standardized alpha is the same as the generalized Spearman-Brown formula for lengthening a test n times when the average correlation (p) is used in the formula, that is,
where p is the average of the n(n -1) correlations.
Maximal Reliability
Maximal reliability provides an estimate of reliability when the components in a test can be grouped into subsets. Maximal reliability (R K ) assumes that (a) all components within a subset are parallel, that is, the components in a subtest have equal reliabilities and equal variances; and (b) the components in different subtests may have differing reliabilities and variances. If these two assumptions are met, the components in all subtests are congeneric (Li, Rosenthal, & Rubin, 1996) . Maximal reliability is a generalization of the Spearman-Brown approach and provides a component-weighting procedure to achieve maximal reliability. Maximal reliability is easy to compute using a hand calculator:
where K = number of subsets or subtests, A = n,p|/
(1 -p|) + » 2 P2/d -PT) + • • • + "iPt/(l ~ Pit). P is tne common correlation among the subsets, n t is the number of type i components, and p, is the reliability of a type i item. For two subsets, p can be estimated by r l2 /V(r,r 2 ), where r l2 is the average correlation be- 
Demonstration Data
Demonstration data were created to study estimation of true reliability by the various internal consistency coefficients. The general method was to generate simulated population covariance matrices for both true and observed component scores. From these data the true reliability and 11 estimators of reliability could be computed for varying degrees of heterogeneity among the components. A description of the simulation method is in the Appendix.
The following data sets were simulated: (a) homogeneous, one-factor data with equal factor loadings and equal error variances (parallel components); (b) homogeneous, one-factor data with equal factor loadings but unequal error variances (tau-equivalent components); (c) homogeneous, one-factor data with unequal factor loadings and unequal error variances (congeneric-equivalent components); and (d) heterogeneous, two-factor data with decreasing correlations between the factors (heterogeneous components). 
Results for Four-Component Data
Analysis of four components ungrouped. As can be seen from Table 1 , when the components were Note. To assess the degree of heterogeneity in the two-factor data, the observed covariances of the simulated data were factor analyzed using confirmatory factor analysis. The correlations among the factors were .80, .40, and .20, respectively, in slightly, moderately, and strongly heterogeneous data. Tau eq. = tau equivalent; congen. = congeneric equivalent. OSBURN work. However, the strongly heterogeneous condition was useful for determining whether alternatives to coefficient alpha could improve the estimate of reliability even in this extreme condition.
Analysis of two halves: Two components each half.
In the heterogeneous split-half simulations coefficient alpha strongly underestimated the true reliability (see Table 1 ). Coefficient alpha was 89% of true reliability when the components were slightly heterogeneous, 75% of the true reliability when the components were moderately heterogeneous, and only 33% of true reliability when the components were strongly heterogeneous. However, in this situation stratified alpha was exactly equal to the true reliability. Maximal reliability very slightly overestimated the true validity.
Analysis of three pans: Part I, Components 1-2;
Part 2, Component 3; Part 4, Component 4. As can be seen from Table 1 , when the components were parallel in three-part simulations with an unequal number of components in the parts, only the Raju, Feldt, and Kristof coefficients and maximal reliability were equal to the true reliability. This is because the parts were only congeneric equivalent even though the components were parallel. When the components were tau equivalent, only Raju and Kristof coefficients were equal to the true reliability because the parts were only congeneric. The Feldt coefficient did not equal the true reliability because it assumes that the components are parallel. When the components were congeneric equivalent, only Kristof's coefficient was exactly equal to the true reliability. All coefficients underestimated true reliability when the components were generated by two factors. Coefficient alpha was about 87% of the true reliability when the components were slightly heterogeneous, and 80% and 56% of true reliability when the components were moderately and strongly heterogeneous, respectively. Maximal reliability was the best estimator for these data, but in the strongly heterogeneous condition maximal reliability was still only 78% of true reliability.
Summary of simulations of four-component
data. In these simulations coefficient alpha was fairly robust in ungrouped single-component data.
However, even in this condition coefficient alpha was only 92% of the true reliability when the data were moderately heterogeneous. Coefficient alpha computed on two-part splits when the components in each part loaded on separate factors tended to strongly underestimate the true reliability in the heterogeneous conditions, but stratified alpha was equal to the true reliability and maximal reliability overestimated the true reliability only very slightly in all such conditions. Maximized Iambda4 was equal to true reliability in all simulations. Because with four components there are only three possible split halves, maximized Iambda4 should routinely be computed when studying the reliability of the average of four components.
Results for Eight-Component Data
Analysis of eight components ungrouped. Results for the eight-component simulations are presented in Table 2 . On the whole the results mirrored the fourcomponent simulations, that is, all coefficients were equal to the true reliability when the components were parallel, all except standardized alpha were equal to the true reliability when the components were tau equivalent, and only the Feldt-Gilmer coefficient and maximized Iambda4 equaled the true reliability when the components were congeneric equivalent. However, in these simulations coefficient alpha underestimated the true reliability only to a moderate degree. Coefficient alpha was 98% of the true reliability in slightly heterogeneous condition and 96% and 90% of the true reliability in the moderate and strongly heterogeneous conditions, respectively. Lambda2 was a slightly better estimator than coefficient alpha, but the differences were not large.
Analysis oft\vo halves: Four components each half.
As in the four-component data, coefficient alpha did not perform nearly as well in these simulations. Coefficient alpha was 89% of true reliability in the slightly heterogeneous case and 75% and 33% of true reliability in the moderately and strongly heterogeneous conditions, respectively. However, stratified alpha was exactly equal to the true reliability, and maximal reliability overestimated the true reliability only very slightly in the heterogeneous conditions. The other estimators except for maximized Iambda4 were very close to coefficient alpha and did not improve the estimate to any great extent.
Analysis of three parts: Part I, Components 1-3;
Part 2, Components 4-6; Part 3, Components 7-8. Results on three-part data are presented in Table 2 . Raju, Feldt, and Kristof coefficients and stratified alpha and maximal reliability were equal to the true reliability when the components were parallel, and only Raju, Kristof, and stratified alpha coefficients were equal to the true reliability when the components were tau equivalent, rendering the three parts only congeneric equivalent. Coefficient alpha was 95%, 95%, and 77%, respectively, of the true reliability in the slightly, moderately, and strongly ?re. To assess the degree of heterogeneity in the two-factor data, the observed covariances of the simulated data were factor analyzed using mfirmatory factor analysis. The correlations among the factors were .80, .40, and .20, respectively, in slightly, moderately, and strongly
Note.
heterogeneous data. Tau eq. = tau equivalent; congen. -congeneric equivalent.
heterogeneous conditions. Stratified alpha performed reasonably well in these simulations. Maximal reliability performed best, yielding estimates that were very close to the true reliability in all three-part simulations.
Summary of simulations for eight-component data.
Coefficient alpha performed reasonably well in the eight-part simulations, equaling 95% of true reliability in moderately heterogeneous data. When the components were grouped into two parts with separate factors in each part, coefficient alpha was only 75% of true reliability in moderately heterogeneous data.
However, in this condition, stratified alpha was exactly equal to the true reliability and maximal reliability overestimated the true reliability only by a very small margin. It is clear that coefficient alpha computed on individual components was a better lower bound than that computed on components grouped into two halves that were not highly correlated. Maximized Iambda4 was equal to the true reliability in all simulations.
Implications for Corrections for Attenuation
In four-component simulations with moderate heterogeneity, coefficient alpha ranged from 75% to 92% of true reliability. Under these conditions, using coefficient alpha in single-variable corrections for attenuation would result in overcorrections of 4% to 15%. For example, if true validity were actually .50, estimated true validity would range from .52 to .58. In the worst case scenario, when the components in each part loaded on separate factors and the data were strongly heterogeneous, coefficient alpha was only 33% of true reliability, and if used in the correction for attenuation would overestimate true reliability by 74%.
In eight-component simulations with moderate heterogeneity, coefficient alpha ranged from 75% to 96% of true reliability. Under these conditions, using coefficient alpha in corrections for attenuation in one variable could result in an overcorrection of 2% to 15%. For example, if the true validity was actually .50, estimated true validity would range from .51 to .58. In the worst-case scenario, in which the data were strongly heterogeneous and the components in each split loaded on separate factors, coefficient alpha was only 33% of true reliability. In this extreme case, if the true validity were actually .50, estimated true validity would be .87.
Finally, if coefficient alpha was used to correct both independent and dependent variables for unreliability and if both variables were moderately heterogeneous, in the worst-case scenario the double correction would overestimate the true validity by about 33%.
Discussion and Recommendations
One-Factor Models
When the components of a measure were parallel and each part contained an equal number of components, all estimators were equal to the true reliability. However, this condition is seldom realized in real data because it means that the components (items, subtests, etc.) have equal factor loadings and equal error variances. When the parts contained an unequal number of parallel components, the parts were only congeneric equivalent, and only Raju, Feldt, and Kristof coefficients and stratified alpha and maximal reliability estimates equaled the true reliability.
When the components were tau equivalent and there were an equal number of components in each part, all estimates were equal to the true reliability except Angoff-Feldt, standardized alpha, and maximal reliability, which overestimated true reliability by a very small amount.
When the components were congeneric equivalent, only Feldt-Giliner, maximized Iambda4, stratified alpha, and Kristof coefficients were equal to the true reliability. However, when the data were congeneric, almost all coefficients could be used as adequate estimates of the true reliability. The exception was coefficient alpha computed on three-part splits with an unequal number of components in the splits.
Two-Factor Models
When the data were generated by two underlying factors and the components in one subset measured one factor and the components in the other subset measured a different factor, coefficient alpha seriously underestimated the true reliability. Lambda2 tended to be slightly larger than coefficient alpha but did not improve the estimate of true reliability to any great extent. However, in these conditions stratified alpha and maximal reliability both provided adequate estimates of the true reliability.
Maximized Iambda4 was clearly the most consistently accurate estimator of the true reliability in all the simulations that were studied. For measures with few components, if one suspects that data are heterogeneous, Iambda4 should be computed for all possible splits and maximized Iambda4 used to estimate the true reliability. For measures with 6 to 10 components the situation is problematical. The approximation to maximized Iambda4 presented in this article could be computed and used to estimate true reliability. However, maximized Iambda4 may slightly overestimate the true reliability because of capitalizing on sampling
Assessing Heterogeneity
Unfortunately, the characteristics of empirical data (tau equivalent, congeneric, or multifactorial) are seldom known precisely. However, confirmatory factor analysis (CFA) is useful for modeling and distinguishing between parallel, tau-equivalent, and congeneric data providing that the assumptions of this approach are reasonably approximated (see Turban, Sanders, Frances, & Osburn, 1989) . Another good reason for using CFA is the possibility of correlated errors among the components. Komaroff (1997) has shown that correlated errors can inflate coefficient alpha and that such errors interact with lack of tau equivalence. Correlated errors can be detected with CFA, and if necessary alpha can be adjusted for this effect. Also, there has been a good deal of work on ways to determine whether data is uni-or multidimensional, and a large number of indices have been proposed (see Haltie, 1985) . Factor analysis (either exploratory or confirmatory) of the components is recommended to determine the heterogeneity of the data. If the data arc not continuous, it is also important to factor the polychoric correlations among the components. If the data set is characterized by two or more moderately correlated underlying factors (in the range of .20 to .40 or so), an investigator should be concerned. The exception to this rule is the situation in which there are multiple factors but the first factor is dominant in the sense of accounting for the bulk of the variance among the components (Cronbach, 1951) .
It is important to note that the average intercomponent correlation is not a reliable indicator of heterogeneity. The average correlation among components may be low, but the data may still be tau equivalent, and therefore true reliability is accurately estimated by coefficient alpha (Green, Lissitz, & Mulaik, 1977) .
Variations in the correlations among components may also be a somewhat misleading indicator of heterogeneity. Even if there are variations in intercomponent correlations, the data may still be tau equivalent.
However, intercomponent correlations that cluster into subgroups indicate heterogeneity (Cortina, 1993) .
If the data are very heterogeneous, components can be grouped on the basis of similar content, and stratified alpha or maximal reliability along with coefficient alpha should be computed and the largest value used to estimate the true reliability. If there is no basis for grouping and there are a small number of components, Iambda4 should be computed for all possible splits.
Many Versus Few Components
This study assessed coefficient alpha computed on only four and eight components. The reason for studying such a small number of components is that coefficient alpha is more often than not computed on eight or fewer components (Peterson, 1994) and because coefficient alpha approaches the true reliability as the number of positively correlated components increases. Coefficient alpha becomes less and less of an underestimate of the true reliability because the percent increase in coefficient alpha as the number of components increases is greater than the percent increase in true reliability. For example, in the present study, to limit overestimation of corrected validity to about 2%, coefficient alpha must be at least 95% of the true reliability. In the worst-case scenario (strong heterogeneity) for eight components ungrouped, coefficient alpha was 90% of true reliability, but in this case only 20 components would be needed for coefficient alpha to reach 95% of true reliability. In the worst-case scenario for four components ungrouped, coefficient alpha was 78% of true reliability, but in this case only 28 components would be needed for coefficient alpha to reach 95% of true reliability. It is concluded that when estimating the reliability of questionnaire or rating data, even if the data are very heterogeneous, only 20 to 30 components are needed to be reasonably assured of an adequate estimate of true reliability. However, in the case of grouped data increasing, the number of components in each group does not necessarily make coefficient alpha a better lower bound for alternative estimates of the true reliability to be used. For example, in the worst-case scenario for two groups of four components in each group, coefficient alpha was only 33% of true reliability. However, in this case one can compute stratified alpha, which is 100% of true reliability.
